This paper examines the relationship between difference of opinion among investors and the return on Australian equities. The paper is the first to employ both dispersion in analysts' earnings forecasts and maximum share turnover as proxies for difference of opinion among investors. We also investigate whether difference of opinion can explain the value anomaly. Our findings show that (a) difference of opinion is negatively related to stock returns and (b) it cannot explain the value anomaly. Our findings are consistent with Diether, Malloy, and Scherbina (2002) and provide strong support for Miller (1977) . We reject the risk-based argument advanced by Doukas, Kim and Pantzalis (2004) .
Introduction
This paper empirically tests the relationship between difference of opinion among investors and stock returns by using analysts' earnings forecasts and maximum share turnover as proxies for difference of opinion. The paper is the first to employ multiple proxies and asks whether difference of opinion could be used to explain the value anomaly.
A large body of empirical research over the past two decades has provided evidence against the prediction of the traditional Capital Asset Pricing Model (CAPM). This previous work shows that the cross-section of expected stock returns is not sufficiently explained by their market betas. It is well documented that firm size (Banz, 1981) , earnings yield (Basu, 1977) , leverage (Bhandari, 1988) and the firm's book value of equity to its market value (Chan, Hamao, and Lakonishok, 1991) adequately explain the cross-section of average stock returns better than the beta of a stock. More recently, Diether, Malloy, and Scherbina (2002) document a new anomaly: that firms with more uncertain earnings do worse. These patterns are considered anomalies because they are not explained by the CAPM (Fama and French, 2006) .
The strong performance of value stocks (with high book-to-market value of equity) and the poor performance of growth stocks (with low book-to-market value of equity) have generated a lot of research interest in the area of asset pricing. For instance, the rationalists argue that value stocks are fundamentally riskier than growth stocks, and hence the compensation for this higher risk is reflected by their higher returns (Fama and French, 1993) . On the other hand, the behavioralists argue that value stocks outperform growth stocks because investors over-extrapolate past performance, which results in stock prices that are too high for growth firms and too low for value firms (DeBondt and Thaler, 1987 and Lakonishok, Shleifer, and Vishny, 1994) . 4 Doukas, Kim, and Pantzalis (2002) challenge the errors-in-expectations view by advancing difference of opinion as a plausible explanation for the abnormal return on value stocks. However, Diether et al. (2002) document a negative relationship between difference of opinion and stock returns. They show that stocks with higher dispersion in analysts' forecasts earn lower future returns than otherwise similar stocks. They argue that dispersion in analysts' earnings forecasts cannot be treated as a proxy for risk. Their findings provide support for Miller (1977) , who hypothesizes that the price of a stock is set by optimists, and thus may be well above the actual underlying value of the stock. Hence, the greater the difference of opinion for a particular stock, the more likely that it will be overpriced and thus experience negative returns.
More recently, Doukas, Kim, and Pantzalis (2004) document that dispersion in analysts' forecasts is considerably higher for high BV/MV stocks than for low BV/MV stocks. Their findings suggest that difference of opinion represents risk not captured by the CAPM model or by the multifactor model of Fama and French (1996) . However, it is important to note that the evidence on whether difference of opinion represents risk is not only exiguous but mixed and inconclusive.
In addition, little empirical research has been conducted on how difference of opinion affects stock prices (Diether et al., 2002) . Thus, our objective is to provide much needed out of sample evidence on the relationship between difference of opinion and stock returns. We do so by investigating the relationship between difference of opinion and stock returns for equities listed on the Australian Securities Exchange (ASX). In addition, we ask whether difference of opinion could be used to explain the value anomaly.
The value anomaly is still hotly debated in the asset pricing literature and little, if any, research on it has been published outside the US. Thus, our study not only furthers the current debate in asset pricing but contributes to the extant literature 5 of asset pricing in Australia (see, for example, Halliwell, Heaney, and Sawicki, 1999; Faff, 2001; Gaunt, 2004, and Gharghori, Chan, and Faff, 2006) . We study the Australian market for several reasons. First, asset pricing research done in Australia shows that there is much left to explain in the crosssectional variation in equity returns. Second, the Australian equity market is quite different from the US market. With over 1700 listed stocks and a market capitalization of $1220 billion Our study makes several contributions. First, we adopt an alternative proxymaximum share turnover -for measuring difference of opinion among investors. We adopt this proxy because analysts' forecasts are biased toward large stocks, in that the analyst following for small stocks is thin or sometimes even non-existent. This results in an unrepresentative sample wherein the coverage for small stocks is limited. This problem was also faced by Hong and Stein (2000) , Diether et al. (2002) and Doukas et al. (2004). 4 Due to this sample bias, an unbiased alternative proxy for difference of opinion among investors is required. Prior research documents two alternative proxies: (1) share turnover and (2) Diether (2004) , we define maximum share turnover as the average daily adjusted share turnover in the highest 5-day period during the past year, minus the average daily adjusted share turnover during the rest of the year, excluding a 5-day window before and a 5-day window after the 5-day maximum.
Second, besides running individual regressions to test the relationship between difference of opinion and stock returns, we also adopt the generalized method of moments (GMM) system regression approach. Specifically, we augment the system with five additional equations which enables us to estimate the factor premiums concurrently in the context of the overall system. Hence, the systems test that we employ presents a stronger test than the individual regressions, as it enables the estimation of the individual risk-premium for each risk factor of the asset pricing models.
Third, this paper contributes to the asset pricing literature by examining whether difference of opinion explains the value anomaly in Australia. By using the GMM system regression approach, the factor premiums for HML and the two alternative proxies for difference of opinion can be compared. By comparing the factor premium of HML to the factor premium of difference of opinion, we can ascertain whether difference of opinion does indeed explain the value anomaly.
The results of our individual regressions for the two proxies are similar in that the coefficient for the difference of opinion risk factor (henceforth DRF) is insignificant in almost all cases. Thus, it is our conjecture that the DRF is not useful in pricing assets. The GMM system regressions for both proxies provide similar results.
Specifically, these results show that difference of opinion (proxied by dispersion in analysts' earnings forecasts and maximum share turnover) has a significant, negative factor premium. This implies that difference of opinion under both proxies has a negative relationship with stock returns. Thus, we challenge Doukas et al. (2004) 7 who document that difference of opinion proxies for risk and that it is priced in equity returns. We argue that instead of being priced, the negative factor premium implies that high-difference-of-opinion stocks underperform low-difference-of-opinion stocks.
Our finding is consistent with Diether et al. (2002) and consequently provides support for Miller's (1977) model. Furthermore, the system regressions also show that difference of opinion does not explain the value anomaly. If it did, one would expect the estimated HML factor premium to decrease or lose its significance in the difference of opinion enhanced Fama-French model. However, the results show that the HML factor premium does not decrease even when the DRF is introduced into the model. Therefore, we posit that difference of opinion does not explain the value anomaly.
Despite employing maximum share turnover as a proxy in our study, the problem of sample bias also remains unresolved. This is because the results for the maximum share turnover proxy are significant only when we include stocks that trade for 245 days or more per year. The results become insignificant once we remove this requirement and include stocks that trade less frequently. The stocks that trade for 245 days or more per year are mainly large stocks, and this makes our sample unrepresentative. Moreover, this partitioning of stocks reduces our sample size. In particular, after deleting stocks that trade for less than 245 days a year, the average number of stocks in our sample decreases considerably.
The remainder of this paper proceeds as follows: Section 2 describes the data and sample characteristics. Section 3 presents the empirical findings, and section 4 concludes the paper. 
Data and Methods

Data
Monthly stock returns, market capitalization, the value-weighted market index, and the risk-free rate are collected from the Australian Graduate School Management (AGSM) file. The risk-free return is proxied by the monthly return on the 13-week Treasury note. The market return is proxied by the value-weighted market index constructed from data for all companies in the AGSM file. In order to create the DRF, analysts' earnings forecasts are collected from the Institutional Brokers Estimate System (I/B/E/S) files. To be included in this study, each stock has to be covered by at least two analysts (see, for example, Diether et al., 2002 and Doukas et al., 2004,) . If more than one forecast is made during a month by the same analyst, only the latest forecast is used. The analysts' earnings forecasts are used to compute the dispersion in analysts' forecasts measure (DISP). 
Portfolio Construction
We follow the mimicking portfolio approach of Fama and French (1993) in constructing the SMB and HML portfolios, and Carhart (1997) in constructing the momentum portfolio. We construct an asset pricing model which augments the Fama-French (1993) three-factor model by applying Carhart's (1997) momentum factor and the difference of opinion risk factor (DRF). This model is consistent with that of Doukas et al. (2004) .
The DRF is constructed as follows. First, the DISP measure is obtained for all stocks which have at least two analysts following them. The stocks are further sorted into three equally weighted DISP portfolios (Low, Medium, and High). Stocks are ranked in December of year t -1 and placed into one of the three portfolios (based on DISP rankings) from January to December of year t. DRF is the difference, each month, between the equally-weighted returns on the high-DISP portfolio and the equally-weighted returns on the low-DISP portfolio. In other words, the DRF is constructed by ranking company-year observations according to their DISP values and forming two equally weighted return portfolios based on the top third and bottom third of DISP rankings (Doukas et al., 2004) . Monthly returns are computed for these portfolios for the following 12 months. This process is repeated annually for the length of the sample period.
We also employ maximum share turnover as an alternative proxy for difference of opinion. Thus, a DRF is constructed using maximum share turnover, defined as trading volume divided by the total number of issued shares. Maximum share turnover is calculated for all stocks in December of year t -1. It is defined as the average daily adjusted share turnover of the highest 5-day period during the past year minus the average daily adjusted share turnover during the rest of the year excluding a 5-day window before and a 5-day window after the 5-day maximum. 
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Once maximum share turnover is determined, stocks are sorted into three equallyweighted portfolios (Low, Medium, and High) from January to December of year t.
The returns are recorded each month for each of these three portfolios. DRF is the difference each month between the equally-weighted returns on the high maximum share turnover portfolio and the equally-weighted returns on the low maximum share turnover portfolio 8 . The portfolios are rebalanced annually. This method is consistent with the construction of the DRF using DISP.
Test Portfolios
All stocks are ranked according to size and also according to book-to-market in December of year t-1. Firms are then divided into five groups, and 25 portfolios are formed at the intersection of the five size groups and five book-to-market groups. The stocks remain in these portfolios from January to December of year t. The excess returns on these 25 portfolios are the value-weighted returns on each portfolio less the return on the risk-free asset.
Methodology
Individual Regressions
Our multi-factor model takes the following form: The monthly returns of each of the 25 size and book-to-market portfolios are regressed on the model specified above. By regressing each portfolio's returns against the model, we can ascertain whether DRF is significant in explaining equity returns. Recall that the main objective of this paper is to test whether there is a relationship between future returns and DRF (constructed using DISP and maximum share turnover proxies). If a positive relationship exists, the factor premium for DRF should be positive and the DRF coefficient, d p , for high (or low) difference of opinion portfolios will be significantly positive (or negative). If DRF is insignificant, this will imply that DRF does not have an effect on returns. If a negative relationship exists, the DRF factor premium will be negative and the DRF coefficient, d p , for high (or low) difference of opinion portfolios will be significantly positive (or negative).
Based on Doukas et al.'s (2004) findings one could argue that large stocks and value stocks will load positively on the positive DRF while small stocks and growth stocks will load negatively on the positive DRF. Conversely, if Miller's model holds true, the DRF factor premium will be negative with small stocks and growth stocks loading positively on the negative DRF, and with large stocks and value stocks loading negatively on the negative DRF. In other words, regardless of whether the DRF is positive or negative, high-difference-of-opinion portfolios should have a 12 positive coefficient d p , and low-difference-of-opinion portfolios should have a negative coefficient.
GMM System Regressions
Besides running individual regressions on the 25 portfolios, we also employ the Generalized Method of Moments (GMM) system regression approach adopted by MacKinlay and Richardson (1991) , Faff (2001) , and Gharghori et al. (2006) . The empirical modelling applied in this research is based on a Fama and French (1993) model enhanced with momentum and difference of opinion. Our model can be shown as:
Recall that the empirical counterpart of this model is given by equation (1). In the context of our system-based estimation the null hypothesis is H 0 : a p = 0; p = 1, 2, …, N and the restricted version of equation (2) 
where r pt = R pt -R ft and RMF t = (R mt -R ft ).
We augment the system to allow a direct estimation of the premia for the five Where p = 1, 2, ..., N.
Equations (5) to (9) impose a mean adjusted transformation on the independent variables in equation (4). Upon rearrangement, the null hypothesis is effectively a test of whether the intercept term a* is equal to a non-zero restriction: ) and is given by: There are several advantages in employing the system regressions approach over individual regressions. First, the system regression allows us to concurrently estimate the factor premiums of each explanatory variable. This allows testing for significance of the premia for the specified risk factors: H 0 : λ m = 0; H 0 : λ SMB = 0; H 0 : λ HML = 0; H 0 : λ MOM = 0; and H 0 : λ DRF = 0. According to Doukas et al. (2004) , the factor premium of DRF should be positive and significant. However, Diether et al. (2002) 14 suggest that the factor premium of DRF should be negative and significant. This approach allows us to directly test which of the conflicting findings of Doukas et al. (2004) and Diether et al. (2002) is supported.
Second, the system regression allows us to perform regressions for all 25 portfolios simultaneously. The advantage here is that by observing the GMM statistic, it can be ascertained whether the specified regression model works on all 25
portfolios. Further, the GMM system regression also has its own specific advantages over a regular system regression. The main advantage is that it accounts for nonnormality, heteroskedasticity and serial correlation in the residuals. If the data are either non-normal, heteroskedastic or autocorrelated, the assumptions of the OLS approach will be violated and the coefficients and standard errors will be incorrect.
Thus, statistical inferences about the true population parameter's value will be misleading. We overcome this problem by using the GMM approach.
Modified Likelihood Ratio Test
We also employ the Modified Likelihood Ratio Test (MLRT) in order to test whether the DRF is useful in pricing assets. Specifically, the MLRT tests whether the coefficients on the DRF are jointly equal to zero. The MLRT test statistic used in our analysis is also adopted by Connor and Korajczyk (1988) and Faff (1992) . The MLRT can be shown as: This statistic is identical to the statistic described in Gibbons, Ross, and Shanken (1986) . Given the assumption of normality, the MLRT has an exact small-sample F distribution with (N, T -K -N) degrees of freedom. The null hypothesis for the case of zero joint mispricing is:
If the null hypothesis is not rejected, this implies that in the context of the entire system, the DRF has no ability to price the test portfolios. In the situation that the null hypothesis is rejected, the DRF is useful in pricing the test assets.
Empirical Findings
Descriptive Statistics and Correlations
Panel A of Table 1 reports the descriptive statistics obtained by our study.
The time series means for the market factor (0.38% per month), SMB (3.33% per month), HML (0.87% per month), and MOM (0.87% per month) are all positive and significant. The mean for DRF (constructed using DISP) is negative and significant (-0.44% per month). The descriptive statistics indicate that SMB, HML, and MOM are most likely to be priced in equity returns, while the negative mean for DRF (constructed using DISP) indicates that stocks with high difference of opinion tend to underperform stocks with low difference of opinion. Our findings are consistent with Miller (1977) and Diether et al. (2002) .
[Insert Table 1 This suggests that the market factor and DRF are closely related and hence, some proportion of equity returns may be explained by both factors simultaneously. Doukas et al. (2004) claim that difference of opinion among investors can explain the value anomaly. If this is indeed true, we would expect to find that HML and DRF are highly positively correlated. However, we find the correlation between these two factors to be quite low (0.123). Hence, the combined evidence in Panels A and B suggest that it is unlikely that the value anomaly is explained by difference of opinion. Besides the high correlation between the market factor and DRF, the other independent variables have weak correlations among them. Table 2 [Insert Table 2 about here] [Insert Table 4 about here]
DRF (DISP) Augmented Fama-French and Carhart Regressions
The second system regression reported in Table 4 is for the Carhart model.
An interesting finding here is that the inclusion of the momentum factor (MOM)
results in the market premium (λ m ) becoming insignificant (t-statistic of 1.90).
However, the premiums for SMB and HML are positive and significant (t-statistic of 7.31 for λ SMB and 3.66 for λ HML ) even after the inclusion of the MOM factor. The premium for the momentum factor (λ MOM ) is positive and statistically significant (tstatistic of 3.47) indicating that the factor is priced and not explained completely by SMB, HML or the market factor.
Additionally, the GMM statistic is insignificant (t-statistic of 0.204) for the Carhart model. Similar to the Fama-French model, the insignificant GMM statistic implies that the GMM test supports the overall favourability of the Carhart model.
Even though the factor premium of momentum is significant in the system regression, we down-weight the results of the system regression due to the insignificant findings in the individual regressions.
The third system regression in Table 4 This finding is inconsistent with difference of opinion being a risk factor (Doukas, 2004) and instead provides support for Miller's (1977) model. The inclusion of the DRF also reduces the factor premiums for both the market (λ m ) and SMB (λ SMB ) but increases the factor premium for HML (λ HML ). This increase provides evidence to rebut the argument of Doukas et al. (2004) that difference of opinion explains the value anomaly. If this were so, we would expect to find the HML factor premium to be insignificant when the model is augmented with DRF. Given that it actually increases in the presence of DRF, it is unlikely that DRF or difference of opinion explains the value anomaly. Again, the GMM statistic is insignificant (tstatistic 0.205); thus, the GMM statistic supports the overall favourability of the DRF augmented Fama-French model.
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The fourth system regression reported in Table 4 is for the DRF augmented Carhart model. We observe that the market factor premium becomes insignificant (tstatistic 1.86) at the 5% level. The factor premiums for SMB, HML, and MOM remain positively significant. Again, the premium for the DRF is negatively significant. Hence, this implies that the DRF is not a priced risk factor in equity returns. Similar to the results for the third regression (DRF augmented Fama-French model), the positively significant HML factor again shows that difference of opinion does not explain the value anomaly and that HML is the superior proxy for the value anomaly. Finally, the GMM statistic is insignificant and hence the DRF augmented Carhart model cannot be rejected.
Overall, the system regressions show that the models cannot be rejected.
The system regression approach also shows that the estimated market factor premium (λ m ) is positive and significant for the Fama-French and the DRF augmented Fama-French models. However, the market factor premium ceases to be significant once the MOM factor is added. In contrast, the SMB and HML factor premiums remain positively significant across all models. For the Carhart models, the MOM factor premium is positively significant, implying that this factor is priced. The last column in Table 4 to zero and that the DRF is unlikely to be useful in the pricing of assets.
The system regressions reported in Table 5 are for the DRF augmented Fama-French and Carhart models, where DRF is constructed using maximum share turnover. The results observed for these two regressions are very similar to the system regression results for the previous DRF augmented Fama-French and Carhart models where DRF is created using DISP (Table 4) . Specifically, the DRF factor premium is significant and negative for both the system regressions reported.
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Thus, the combined evidence from Tables 4 and 5 suggests that DRF is not a priced risk factor and is negatively related to equity returns. The last column in Table 5 reports the results from the MLRT. In contrast to the results in .
[Insert Table 5 about here] 10 The results of individual regressions that employ maximum share turnover as a proxy for difference of opinion have not been reported but are available from the authors upon request.
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Conclusions
Previous empirical research conducted in the US on the relationship between difference of opinion and stock returns have yielded mixed results. This paper provides out of sample evidence on the relationship between difference of opinion and stock returns. It makes several contributions.
First, the study uses two proxies for measuring difference of opinion among investors. Second, it adopts the GMM system regression approach to test the relationship between difference of opinion and stock returns. The GMM system approach provides a stronger test than the use of individual regressions, as all the 25 portfolios can be run simultaneously. The GMM system also enables us to examine the individual factor premiums of the independent variables. Third, this study examines whether difference of opinion can be used to explain the value anomaly.
Overall, the results document a significant negative relationship between difference of opinion (using both the dispersion in analysts' forecasts proxy and the maximum share turnover proxy) and stock returns. This result provides strong support for Miller's (1977) model and is consistent with the findings of Diether et al. (2002) . Thus, we are unable to support the risk-based argument advanced by Doukas et al. (2004) . Our findings also reject the claim that difference of opinion could explain the value anomaly. In short, we do not find DRF to be useful in explaining the variation in average stock returns. Despite using maximum share turnover as an alternative proxy, our study suffers from sample bias in that the proxy is calculated for stocks that have been trading for at least 245 days. It is worth noting that stocks that trade for at least 245 days are large stocks. As we reduce the number of trading days for each stock to be included in our study, the results become insignificant. We suggest that future research should focus on deriving a proxy for difference of opinion which does not suffer from the sample bias problem. This table reports basic descriptive statistics and correlations for the five factors used in this analysis for the period January 1990 to December 2005. The DRF is constructed using the dispersion in analysts' earnings forecasts (DISP). RMF is the monthly excess return of the value-weighted market portfolio. SMB represents the monthly return on the size-mimicking portfolio. HML represents the monthly return on the book-to-market-mimicking portfolio. MOM represents the monthly return on the momentum-mimicking portfolio. DRF represents the monthly return on the difference of opinion mimicking portfolio. Fama and French (1993) . The DRF is constructed as follows: First, the DISP measure is obtained for all stocks which have at least two analysts following them. The stocks are further sorted into three equally-weighted DISP portfolios (Low, Medium, and High). Stocks are ranked in December of year t -1 and placed into the three portfolios (based on DISP rankings) from January to December of year t. DRF is the difference, each month, between the equally-weighted returns on the high-DISP portfolio and the equally-weighted returns on the low-DISP portfolio. Monthly returns are computed for these portfolios for the following 12 months and this process is repeated annually. b p represents the factor loading on the monthly excess return of the value-weighted market portfolio. s p is the factor loading for the monthly return on the size-mimicking portfolio. h p is the factor loading for the monthly return on the book-to-market-mimicking portfolio. d p is the factor loading for the monthly return on the difference of opinion mimicking portfolio. Fama and French (1993) , and the MOM factor is created following Carhart (1997) . The DRF is constructed as follows: First, the DISP measure is obtained for all stocks which have at least two analysts following the stock. The stocks are further sorted into three equally-weighted DISP portfolios (Low, Medium, and High). Stocks are ranked in December of year t -1 and placed into the three portfolios (based on DISP rankings) from January to December of year t. DRF is the difference, each month, between the equally-weighted returns on the high-DISP portfolio and the equally-weighted returns on the low-DISP portfolio. Monthly returns are computed for these portfolios for the following 12 months and this process is repeated annually. b p represents the factor loading on the monthly excess return of the value-weighted market portfolio. s p is the factor loading for the monthly return on the size-mimicking portfolio. h p is the factor loading for the monthly return on the book-to-market-mimicking portfolio. m p is the factor loading for the monthly return on the momentum-mimicking portfolio. d p is the factor loading for the monthly return on the difference of opinion mimicking portfolio. 
The generalized method of moments (GMM) test statistic, testing that the asset pricing models hold, is distributed as a chi-square with N degrees of freedom. The statistic has had the small sample adjustment applied following MacKinlay and Richardson (1991) . The associated p-value is contained in parentheses below the GMM statistic. The associated tstatistic for the factor premiums is contained in parentheses below the coefficient estimates. 
The DRF using maximum share turnover as a proxy for difference of opinion proxy is constructed as follows: First, maximum share turnover is calculated for all stocks in December of year t -1. Maximum share turnover is defined as the average daily adjusted share turnover of the highest 5-day period during the past year minus the average daily adjusted share turnover during the rest of the year excluding a 5-day window before and a 5-day window after the 5-day maximum. Stocks that have traded for less than 245 days in the past year are removed from the sample. Once maximum share turnover is determined, stocks are sorted into three equally-weighted portfolios (Low, Medium, and High) from January to December of year t. The returns are recorded each month for each of these three portfolios. DRF is the difference each month between the equally-weighted returns on the high maximum share turnover portfolio and the equally-weighted returns on the low maximum share turnover portfolio. The portfolios are rebalanced annually.
The generalized method of moments (GMM) test statistic, testing that the asset pricing models hold, is distributed as a chi-square with N degrees of freedom. The statistic has had the small sample adjustment applied following MacKinlay and Richardson (1991) . The associated p-value is contained in parentheses below the GMM statistic. The associated tstatistic for the factor premiums is contained in parentheses below the coefficient estimates. The MLRT, testing that the 25 coefficients on DRF are jointly equal to zero, has an F distribution with (25, 150) 
